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a b s t r a c t
In Africa, protected areas can play an important role in mitigating the effects of climate
change through carbon sequestration but they are threatened due to increasing land
degradation and deforestation (LDD). The Total Wildlife Reserve of Bontioli (TWRB) in
Burkina Faso is one of the country’s refuges with high biodiversity. This reserve is seriously
threatened by human activities, and little information is available about the on-site causes
of degradation extent. This study was carried out to investigate drivers and extent of LDD
in the TWRB. Household surveys, focus group discussions and field observations were used
to identify socio-economic factors that influence land use and land cover (LULC) changes.
The socio-economic data were analyzed using rankings and binary logistic regression
techniques. Logistic regression model was used to establish the relationship between
socio-economic drivers and land cover change. Remote sensing and GIS techniques were
used to analyze land use and LULC changes over 29 years, employing Landsat images of
1984, 2001 and 2013. We performed a supervised classification based on the maximum
likelihood algorithm to derive vegetation maps. The results revealed significant (p<0.05)
LULC change from one class of LULC to another. From 1984 to 2001, tree savannas, bare
soils and agricultural lands increased by 17.55%, 18.79% and 21778.79%, respectively, while
woodland, gallery forest, shrub savannas and water bodies decreased by 22.02%, 5.03%,
40.08% and 31.2%, respectively. From 2001 to 2013, gallery forests decreased by 14.33%,
tree savannas by 22.30% and shrub savannas by 5.14%, while agricultural lands increased
by 167.87% and woodlands by 3.21%. LDD occurred at a higher rate in areas bordering
the reserve compared to the core-protected area and the inaccessible areas. Agricultural
expansion and wood cutting activities were the main direct causes of LDD. Extensive
land utilization for agriculture is a major threat to the conservation of biodiversity in
this reserve. The research highlighted the soundness of GIS and remote sensing practical
application to assess vegetation change extent in Burkina Faso. Understanding the signal
extent of vegetation change is particularly important to support efforts by policy makers
to halt or at least to slow down the deforestation in the country. There is a need to control
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the immediate causes of LULC dynamics by limiting agricultural land expansion and wood
cutting in the study area.
© 2015 The Authors. Published by Elsevier B.V. This is an open access article under the CC
BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction
Land degradation is defined as the long-term loss of ecosystem function and productivity caused by disturbances from
which the land cannot recover unaided (Bai et al., 2008). Land degradation occurs slowly and cumulatively and has long
lasting impacts on rural people who become increasingly vulnerable (Muchena, 2008). The UN Convention to Combat
Desertification (CCD), of which Burkina Faso is a signatory, recognizes land degradation as a global development and
environment issue. Deforestation is a widespread problem around the world. Due to the rapidly increasing of human
population during the last two centuries and subsequent land requirement for farming and urbanization, an important
amount of natural vegetation was degraded (Ouédraogo et al., 2010). The impact of human activities on the landscape
determines type, intensity, and frequency of deforestation (Zipperer et al., 1990).
Inmany parts of theworld, establishment of protected areas (PAs) as sites for conservation of biodiversity (Dudley, 2008)
was meant to reduce the negative impact of human activities on natural habitats in order to maintain the balance needed
for the conservation of plants and wildlife for sustainable utilization (Eken et al., 2004; Ikpa et al., 2009). Protected areas
(PA) play an important role in carbon sequestration (Janishevski and Gidda, 2010). In addition to reducing deforestation
and land degradation within their boundaries (Campbell et al., 2008; Clark et al., 2008; Naughton-Treves et al., 2005), PAs
are found to store more carbon than their surroundings (Oliveira et al., 2007). However, the potential of carbon storage
and deforestation reduction of these PAs is increasingly eroded due to the effect of LDD occurring in and around them
(Kelatwang andGarzuglia, 2006; Scharlemann et al., 2010). Destructive utilization ofwildlife and plant products has become
a serious threat for PAs. Several studies have revealed serious problems related tomanagement activities and the immediate
communities’ needs in most PAs over the world. This situation is manifested by unavoidable human interferences in these
areas (Ancrenaz et al., 2007; Dimobe et al., 2012; García-Frapolli et al., 2009; Wala et al., 2012). As vegetation contributes
to carbon storage, water cycle regulation and other ecosystem functions, land-use and land-cover (LULC) change can have
profound impacts on human well-being (MEA, 2005). It is therefore important to understand how these changes occur, and
the underlying driving factors that influence them.
An increasing research focus on the rates and predictors of habitat conversion has been aided by the advent of satellite
remote sensing technologies (DeFries and Townshend, 1999). Remote sensing plays an important role in the management
of the earth’s surface by providing spatio-temporal information on LULC. Change in LULC affects the global environment
(Lambin, 1997), its biodiversity (Sala et al., 2000), local, regional and global climate, and also can accelerate, among others
land degradation, which reduces ecosystem services and functions (Vitousek et al., 2008). Monitoring LULC change is,
therefore, relevant for sustainable landscape and environmental management. For instance, in regions like West Africa,
where LULC is known to change rapidly (Duadze, 2004; Zoungrana et al., 2015), regular map updates could lead to
better estimation of LDD rates, which are key components of the UN REDD (Reducing Emissions from Deforestation and
Forest Degradation) program and UNCCD (United Nation Convention to Combat Desertification) strategy ‘‘Zero Net Land
Degradation’’, respectively. The goal of the land degradation focal area is to contribute to arresting and reversing current
global trends in land degradation, specifically desertification and deforestation. This will be accomplished by promoting
and supporting effective policies, legal and regulatory frameworks, capable institutions, knowledge sharing andmonitoring
mechanisms, together with good practices conducive to sustainable land management (SLM) and that are able to generate
global environmental benefits while supporting local and national, social and economic development. Therefore, the land
degradation strategy will promote system-wide change necessary to control the increasing severity and extent of land
degradation. Investing in SLM to control and prevent land degradation in the wider landscape is an essential and cost-
effective way to deliver multiple global environmental benefits related to ecosystem functions.
Through remote sensing technologies, different types of classifications have been applied for LULC mapping (Blanzieri
and Melgani, 2008). Some of these classifications are based on mono-temporal images (Manandhar et al., 2009), multi-
temporal images (Zoungrana et al., 2015), or in combinationwith ancillary data (Treitz and Howarth, 2000). Mono-temporal
classification is widely used in literature (Houessou et al., 2013; Kadeba et al., 2015; Ouedraogo et al., 2014; Schulz et al.,
2010); this analysis focuses on a single date image for LULC mapping. The processing of single date image is faster as
compared to multi-temporal classification.
In Burkina Faso, several studies have focused on protected areas (Nacoulma et al., 2011; Ouedraogo et al., 2008) and on
analyzing distribution patterns of vegetation regarding land degradation or deforestation (Bognounou et al., 2009; Kadeba
et al., 2015; Paré et al., 2008; Sop et al., 2011), while little attention has been paid to the underlying processes generating
such change (Geist and Lambin, 2001; Ikpa et al., 2009). Understanding the processes that act as driving forces of vegetation
dynamics is useful to predict trends of change and mitigate future impacts that may have negative effects on the provision
of ecosystem services (Schulz et al., 2011). The present study seeks to fill the gap in understanding the extent and driving
factors of LDD in PAs using the TotalWildlife Reserve of Bontioli (TWRB) and its surrounding areas as a case study in Burkina
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Faso. So far, no study has investigated the vegetation cover change of this protected area. A major motivation for studying
the extent of vegetation cover change and its driving factors is to help incorporate such factors within local and regional
policies and forest management approaches.
The application of remote sensing and geographical information system (GIS) techniques provides a modern foray for
the issues of ecosystem management. The techniques have been extensively used in the tropics for generating valuable
information on forest cover, vegetation type and land use change (Forman, 1995). Now, advanced geospatial technologies
have further improved the efficiency of mapping land use and land cover types at landscape level. Thus, integration of these
techniques offers potential tools for assessing changes in land use and land cover. The aim of this study was to (i) assess to
what extent vegetation cover had changed in TWRB and its surrounding areas over 29 years, and (ii) to estimate and analyze
the drivers of LDD in TWRB.
2. Material and methods
2.1. Study area
The studywas undertaken in Burkina Faso, aWest African country located between latitudes 9° and 15°N, and longitudes
6°W and 3°E (Fig. 1). The study area was the Total Wildlife Reserve of Bontioli (TWRB), also called ‘‘Forêt Classée de
Bontioli’’, located in the Sudanian zone of southwestern Burkina Faso in the province of Bougouriba. The TWRB consists of the
Total Reserve and the Partial Reserve. These protected areas were established during the colonial period by the territorial
government according to two Ministerial Orders. The first one, according to order n° 3147/SE/EF of 23 March 1957, was
related to the delimitation (29500 ha) and the establishing of the Partial Reserve, and the second one, according to order
3417/SE/EF of 29 March 1957, was related to the delimitation and the classification of the Total Reserve (12700 ha). The
research activities focused on the Total Reserve, because the Partial Reserve of Bontioli has no consistent savanna cover due
to the high pressure from human activities (UIVN/PACO, 2009).
The reserve boundaries are not fenced but partially delimited by two peripheral roads. The relief is flat (240–350 m)
with local undulations. The Bougouriba is the main river that determines the architecture of the hydrographical network. It
has a regular slope of 0.2 m per km along its total length of 406 km (Moniod et al., 1977). The Wildlife Reserve of Bontioli
falls completely within the South Sudanian phytogeographical zone with rainfall averaging 900–1000 mm per year. The
vegetation is dominated by tree and wooded savannas. Some gallery forests occur along riverbeds. The mainly encountered
woody species are Daniellia oliveri, Isoberlinia doka, Pterocarpus erinaceus, Terminalia laxiflora, Terminalia macroptera,
Terminalia avicennioides, Anogeissus leiocarpa, Burkea africana, Mitragyna inermis, Afzelia africana, Lannea microcarpa, Lannea
acida, Parkia biglobosa and Vitellaria paradoxa. Despite its statute of a protected area, the TWRB is constantly being exploited
by riparian populations and nomad Peuhl herders. Illegal human activities in the TWRB include: farming, livestock farming,
and firewood cutting. Increasing population demand for food, reduction of soil fertility on the fields and the insufficient
monitoring within the ‘‘Forêt classée de Bontioli’’ offers farmers opportunities to settle in the reserve. They often cultivate
millet, red and white sorghum, maize, rice and cotton.
2.2. Methodology
2.2.1. Data collection
2.2.1.1. Remote sensing data and pre-processing. In order to estimate the extent of land degradation and deforestation, a
set of three multi-temporal Landsat images covering path/row 196/52 were downloaded free-of-charge from the United
States Geological Survey’s (USGS) GLOVIS website (http://glovis.usgs.gov/) for the years 1984, 2001 and 2013 (Table 1).
They were selected according to cost, date of acquisition, spatial resolution, availability and percent cloud cover. To avoid
major differences in phenology, satellite scenes were acquired during the dry season. This is mainly due to persistent cloud
cover during the rainy season. Image-to-image co-registrationwas performed in order to ensure good alignment of pixels in
the respective images. A root mean square error of less than one pixel was achieved for all the co-registrations. The images
were already georeferenced to the Universal Transverse Mercator (UTM) projection WGS84 zone 30 north.
Fourteen LULC classes were initially defined. Two hundred and fifty field points were taken with a hand-held Global
Positioning System (GPS) device in order to train the spectral signature of the selected land cover and land use classes in
a supervised classification scheme. Reliable training and validation data are a prerequisite for meaningful LULC mapping.
High-resolution images (Quickbird and Google Earth images) and field data were used to collect LULC reference samples
to train and validate the Landsat image classifications. The high-resolution images were acquired as close as possible to
the acquisition dates of the Landsat images. The Quickbird image (2.4 m × 2.4 m) was acquired from 12 November 2012.
In addition, images of Google Earth (2.4 m × 2.4 m) (from October 2012, November 2012, December 2012 and December
2013) were also used.
In 2014, a field survey was conducted to collect LULC ground truth samples with a handheld GPS using the projection
systemUTMWGS84 zone 30 north. LULC areas that had remained stable since 2013were sampled based on local population
knowledge (Zoungrana et al., 2015). Additionally, five digital photographs were taken of different LULC classes (i.e. one each
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Fig. 1. Location of the study area.
Table 1
Characteristic of Landsat scenes used in the classification.
Date of acquisition Landsat N° Type of image Spatial resolution Projection (UTM zone)
December 1984 5a TM 30 m 30N
December 2001 7a ETM+ 30 m 30N
December 2013 8a OLI–TIRS 30 m 30N
TM: Thematic Mapper; ETM+: Enhanced Thematic Mapper; OLI–TIRS: Operational Land Imager–Thermal InfraRed Sensor;
UTM: Universal Transverse Mercator.
a The thermal band was not used.
towards north, south, east, west and one from the north position to the middle of the field) in order to complement the
surveys and provide visual documentation of these classes.
In order to match Landsat pixels, homogeneous areas of 30 × 30 m2 were surveyed for each LULC as recommended by
Lewis (1998), and the coordinates of the center recorded. In total, 250 samples were recorded across the study area.
All spatial data used in this study were geometrically adjusted (co-registration) to the Landsat images and georeferenced
to UTMWGS84 zone 30 north.
2.2.1.2. Questionnaire design. Prior to the survey, we created three classes of distance (d1 (less than 1 km away from core
PA), d2 (1–7 km) and d3 (7 km)) around the TWRB using Euclidean distance. Villages were selected randomly in each class
of distance by drawing of names without replacement.
Informal interviews with land owners and land managers were conducted during field survey to obtain information on
previous and current LULC. Surveys were conducted in the villages of Boabra, Dankole, Zambo, Bontioli, Nakar, Kpakpara,
Bapla, Tampouo, Bélébalé, Zodoum and Djikologo around the reserve (Fig. 2). These villages had been selected because of
their proximity (0.5–7 km) to the core-PA.
A checklist of possible drivers of LDD was developed from literature (Geist and Lambin, 2002; Ikpa et al., 2009). Two
categories of drivers have been considered in this study (proximate or direct causes and underlying driving forces or
underlying causes). Proximate causes are human activities or immediate actions at the local level, such as agricultural
expansion, that originate from intended land use and directly impact vegetation cover. Underlying driving forces are
fundamental social processes, such as human population dynamics or agricultural policies that underpin the proximate
causes and either operate at the local level or have an indirect impact on the national or global level (Geist and Lambin,
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Fig. 2. Location of surveyed villages around the TWRB.
2002). The prepared questionnaire has been tested on 10 volunteers. This test allowed reviewing the formulation and order
of questions.
Qualitative data were collected using Participatory Rural Approaches, namely: focus group discussions, semi-structured
interviews and direct observations. Focused groups and individual meetings were held in the villages and open questions
were discussed on the checklist of drivers. The results from the discussions were used to design the final questionnaire.
The selection of individual respondents was random in each village and concerned 4 to 12 individuals in each focus group
(n = 3), resulting in a total sample size of 134 individuals. GPS device was used to locate the selected villages on the survey
map. The information collected through individual interviews with the respondents in the local dominant dialect (Dagara)
included local people perception of any LDD in and around the TWRB, age, gender, education level, household activity and
household size. They were also interviewed concerning LULC change in the study area. The remaining questions concerned
agents of LDD, direct and underlying causes of LDD (Damnyag et al., 2013).
2.2.2. Data analysis
2.2.2.1. Image classification. Supervised classification was performed, using the maximum likelihood classification (MLC)
algorithm on each image, to generate LULC maps for 1984, 2001 and 2010. MLC is the most common type of supervised
classification and has been widely used in the literature (Richards and Jia, 2006; Pradhan and Suleiman, 2009). We used
eight LULC classes, representing the dominant land cover and land use categories of the study area: (1) gallery forest, (2)
woodland, (3) tree savannas, (4) shrub savannas, (5) grass savannas, (6) farm/fallow, (7) bare soil, and (8) water body.
As a prerequisite to supervised classification, training sites were developed for all the LULC classes mentioned above for
each image. High spatial resolution images of QuickBird, Google Earth and field data enabled the generation of training and
validation data for the classification which was performed using ENVI 4.7 software. Polygons of homogeneous pixels were
drawn around each truth point for each LULC class and saved as vector layer of training areas. Landsat pixels that overlap
the training areas were then used to perform the classification. Two sets of training data that had been collected from the
field surveys were developed—one for classification (two-thirds) and the other one (the remaining third) for validation.
2.2.2.2. Accuracy assessment. A classification is not complete until its accuracy is assessed (Lillesand et al., 2004). Thus, the
classified images were validated using ground data regions of interest (ROIs) developed during the classification process.
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Table 2
Classification accuracy for 1984, 2001 and 2013 images.
Classified Reference
Gallery
forest
Woodland Tree
savannas
Shrub
savannas
Grass
savannas
Farm/fallow Bare
soil
Water
body
Total raw
1984
Gallery forest 245 0 0 0 0 0 0 0 245
Woodland 51 38 13 0 0 0 0 0 102
Tree savannas 2 0 497 29 5 0 0 0 533
Shrub savannas 0 0 33 164 10 0 10 0 217
Grass savannas 0 0 1 10 180 0 0 0 191
Farm/fallow 0 0 0 0 0 5 0 0 5
Bare soil 0 0 0 17 0 2 31 0 50
Water body 0 0 0 0 0 0 0 43 43
Column total 298 38 544 220 195 7 41 43
Overall accuracy (%) 85.81
Kappa coefficient 0.81
Prod. acc. (%) 78.03 100 91.36 74.55 92.31 71.43 75.61 100
User acc. (%) 100 37.25 93.25 75.58 94.24 100 62 100
2001
Gallery forest 288 0 0 0 0 0 0 0 288
Woodland 28 58 1 0 0 0 0 0 87
Tree savannas 0 0 809 14 3 1 1 0 828
Shrub savannas 0 0 33 203 17 3 0 0 256
Grass savannas 0 0 1 12 238 0 0 0 251
Farm/fallow 0 0 0 0 0 207 0 0 207
Bare soil 0 0 3 0 0 13 46 0 62
Water body 0 0 0 0 0 0 0 24 24
Column total 316 58 847 229 258 224 47 24
Overall accuracy (%) 93.46
Kappa coefficient 0.91
Prod. acc. (%) 91.14 100 95.51 88.65 91.89 92.41 97.87 100
User acc. (%) 100 66.67 97.71 79.3 94.82 100 74.19 100
2013
Gallery forest 1107 0 0 0 0 0 0 0 1107
Woodland 149 639 31 0 0 0 0 0 819
Tree savannas 196 21 1732 0 0 2 1 0 1952
Shrub savannas 3 0 0 79 1 11 0 0 94
Grass savannas 0 0 0 1 419 1 0 0 421
Farm/fallow 1 1 0 0 0 1172 0 0 1174
Bare soil 0 0 0 0 1 10 27 0 38
Water body 0 0 0 0 0 0 0 91 91
Column total 1456 661 1763 80 421 1196 28 91
Overall accuracy (%) 92.32
Kappa coefficient 0.90
Prod. acc. (%) 75.61 96.67 98.24 98.75 99.52 97.99 96.43 100
User acc. (%) 100 78.02 88.73 84.04 99.52 99.83 99.83 100
Points were selected randomly and, at each point, the classified image pixel was compared with the reference data of LULC
class. Importantly, different sample points were used for accuracy assessment and class training. That is, the data used for
class training and classification accuracy assessment were wholly independent. While points were generated randomly,
any problematic points (e.g. those located on the edges of patches) or repeated points (e.g. multiple points selected from
individual patches) were omitted (Lillesand et al., 2004). Overall accuracy for the 2013 LULC map was assessed using 135
ground control points (GCPs) collected in the field, using a hand-heldGPS (Congalton andGreen, 2008). Fifty percent of pixels
in these validation siteswere generated randomly and used to generate a classification errormatrix for each classified image
(Table 2). Error matrices were plotted as cross-tabulations of the classified data versus the reference data and were used to
assess the classification accuracy. Afterwards, overall accuracy, user’s and producer’s accuracies and the kappa statistic were
then derived from the error matrices.
2.2.2.3. Change detection. Post-classification change detection algorithm was applied to determine the changes in LULC
that occurred, within each of the derived mapping units, in the study area over time. It is the most common approach used
for monitoring land cover changes since it provides more useful information on the initial and final land cover types in a
completematrix of change direction (Campbell, 2002; Fan et al., 2007; Shalaby and Tateishi, 2007; Yuan et al., 2005). Further,
it goes beyond simple change detection and quantifies the different rates andmagnitude of changes. However, the degree of
its success depends on the reliability of the classified maps. The classified thematic maps for 2 different dates, e.g. 1984 and
2013, were loaded on to ENVI4.7 software and the change detection algorithm applied. This produced changematrices from
which the magnitude, rates and nature of land cover changes (internal conversions) were derived. Chi-square goodness of
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Fig. 3. Land-use and land-cover maps of the study area from 1984, 2001, 2013.
fit was used to determine if there were significant changes in land use and land cover (Zar, 1996). The average (annual) rate
of change between two periods was computed by a slightly modified formula used by Long et al. (2007):
∆ = ((A2− A1)/A1 ∗ 100)/(T2− T1)
where:∆ = Average annual rate of change (%), A1 = Amount of land cover type in time 1 (T1) A2 = Amount of land cover
type in time 2 (T2).
2.2.2.4. Questionnaires. The survey data were analyzed using quantitative methods involving rankings with the Statistical
Package for Social Sciences (SPSSs). After the tests of normality on the data, independent sample t tests were conducted to
determine significant differences in the estimation of the levels of LDD among the respondents in the study area. A ranking
of the direct and underlying causes of LDD was determined and Chi-square (Kruskal Wallis H) tests were used to validate
the significance of the association between the responses of respondents located in the first class of distance (d1), second
class of distance (d2) and third class of distance (d3) (Damnyag et al., 2013). We used a logit instead of the probit model to
assess the factors which significantly influenced the decision of people to clear vegetation during the last fifteen years since
the logit model is more interpretable (Houessou et al., 2013; Long, 1997). The R software (R Development Core Team, 2013)
was used to process the logistic regression model.
3. Results
3.1. Land use and land cover dynamics
Classification maps were generated for the three periods (Fig. 3). Accuracy assessment on the results revealed an overall
classification accuracy and a kappa coefficient higher than 85% and 0.8, respectively for all classifications. We present the
accuracy assessment results using confusionmatrices in Table 2 which shows the level of agreement between classified and
reference points (Congalton and Green, 2008; Jansen et al., 2008).
According to Table 3 which presents statistics for the results of area, magnitude and rates of LULC change obtained, in
1984 the largest single classwas tree savannas, representing 56% of the protected area, but declined to 50.95% by 2013. Thus,
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Fig. 4. Land-use and land-cover change in the Wildlife Reserve of Bontioli in 1984, 2001, and 2013.
Table 3
Area, magnitude and rates of LULC changes in the Wildlife Reserve of Bontioli.
Land cover Area (ha) Magnitude (ha) Rate per annum (%)
1984 2001 2013 84–01 01–13 84–13 84–01 01–13 84–13
Woodland 992.34 773.82 798.64 −218.52 24.82 −193.7 −1.3 +0.27 −0.67
Gallery forest 366.93 348.48 298.53 −18.45 −49.95 −68.4 −0.3 −1.19 −0.64
Water body 32.31 22.23 60.66 −10.08 +38.43 +28.35 −1.84 +14.41 +3.03
Tree savannas 7715.61 9069.39 7046.48 +1353.78 −2022.91 −669.13 +1.03 −1.86 −0.3
Shrub savannas 3344.13 2003.67 1900.78 −1340.46 −102.89 −1443.35 −2.36 −0.43 −1.49
Grass savannas 1228.68 848.52 1820.16 −380.16 +971.64 +591.48 −1.82 +9.54 +1.66
Bare soil 96.75 114.93 164.16 +18.18 +49.23 +67.41 +1.11 +3.57 +2.4
Farm/fallow 2.97 649.8 1740.62 +646.83 +1090.82 +1737.65 +1281.11 +13.99 +2017.47
Table 4
Chi-Square (χ2) goodness of fit test for the LULC changes in the Wildlife Reserve of Bontioli. df: degree of freedom.
Land cover 1984 (ha) 2001 (ha) 2013 (ha) % change in land use cover χ2 goodness of fit test
Woodland 992.34 773.82 798.64 −19.52 33.49, df= 2, p < 0.001
Gallery forest 366.93 348.48 298.53 −18.64 7.41, df= 2, p = 0.025
Water body 32.31 22.23 60.66 87.74 20.68, df= 2, p < 0.001
Tree savannas 7715.61 9069.39 7046.48 −8.67 267.40, df= 2, p < 0.001
Shrub savannas 3344.13 2003.67 1900.78 −43.16 536.75, df= 2, p < 0.001
Grass savannas 1228.68 848.52 1820.16 48.14 369.08, df= 2, p < 0.001
Bare soil 96.75 114.93 164.16 69.67 19.42, df= 2, p < 0.001
Farm/fallow 2.97 649.8 1740.62 58506.73 1933.54, df= 2, p < 0.001
in 2013 tree savanna area was 91.33% of its area in 1984. A high increase occurred for farm/fallow land, rising from 0.022%
of the protected area in 1984 to 12.59% in 2013, by which time it was the largest single cover class (Fig. 4). A decrease
took place in woodland, gallery forest and shrub savanna classes and an increase in grass savannas. The woodland cover
showed a 22.02% decrease by 2001, and a 3.21% increase by 2013. The overall change (1984–2013) was a decrease of 19.52%.
Compared to all the other land use and land cover types, gallery forest cover showed less overall change. The decrease in
woodland, shrub savannas, grass savannas and water body occurred mainly between 1984 and 2001, while tree savannas
and gallery forest decreasedmainly between 2001 and 2013. A further notable change is the increase of bare soil from 0.70%
in 1984 to 1.19% by 2013, equivalent to 69.67%, over the whole study period. Table 4 shows significant changes of land cover
(p = 0.001–0.025) in the study area. A critical appreciation of Table 2 reveals an overlap between the gallery forest class
and the woodland class. This can be attributed to the similarity of the spectral reflectance of these classes. The tree savanna
class also overlaps the shrub savannas class.
3.2. Change pattern
The results in Table 3 indicate that shrub savannas and gallery forest declined steadily from 1984 to 2013, at annual rates
between 0 and 3%. On the contrary, farm/fallow showed a notable increase with annual rates of over 13%, at least in one of
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Table 5
Socio-economic characteristics. d1 (distance1) : ≤ 1 km, d2 (distance 2): 1–7 km, d3 (distance 3): 7 km.
Characteristic Value
Number of individuals interviewed 134
Gender Female 47.76%, male 52.24%
Activity Agriculture (60.45%), breeding (0.75%), agro breeding (1.49%), others (37.31%)
Age <30 years (11.94%), 30–60 years (64.93%),>60 years (23.13%)
Level of education Illiterate (85.07%), primary school (11.94%), secondary school (2.98%)
Individuals interviewed from the three distances around
the reserve
d1= 40, d2= 50, d3= 44
Table 6
Logistic regression model on socio-economic factors. Df: degree of freedom, Resid. Df: residual degrees of freedom, Resid. Dev.: residual deviance,
P(> |Chi|): chi square p value.
Df Deviance Resid. Df Resid. Dev P(> |Chi|)
Age 1 3.21 132 181.09 0.07338ns
Gender 1 56.52 131 124.57 5.555e−14***
Education level 1 0.92 130 123.66 0.33883ns
Household size 1 0.72 129 122.94 0.39787ns
Household activities 1 6.48 128 116.47 0.01094*
Gender:education levels:household size 1 4.82 114 100.32 0.02810*
ns= not significant (i.e. P > 0.05).
* P < 0.05.
*** P < 0.0001.
the two periods. The other land cover types, i.e. woodland, water body, tree savannas, grass savannas and bare soil revealed
increases and decreases in their cover proportions and rates of change, within the study period.
3.3. Socio-anthropologic characteristics of interviewed population
Overall, 134 individuals were interviewed in the study area. The majority of respondents were farmers of 30–60 years
of age. More than 80% of these respondents were illiterate. Among these respondents, there were more males than females
(Table 5).
3.4. Factors determining vegetation clearing by farmers in and around the reserve
According to the logit model (Table 6), the farmers’ decision to clear vegetation for agriculture was significantly
influenced by gender and household activities. As men are the head of household and have the responsibility to meet their
family’s needs, they clear vegetation (i.e. convert vegetation cover into agricultural land) more often than women. In this
study, the literacy level of respondents was not statistically significant (p = 0.34). Likewise, the education level of the
respondents was not significant but its combination/interaction with gender and household size influence significantly the
decision to clear vegetation. This can be explained by the fact that gender is highly significant and is just sharing equitably
this significance with household size that had no significance previously. This means that the significance of this interaction
(gender: education level’s: household size) is due to gender. The decision to clear vegetation increases when the household
size increased and people (especially men) are not educated.
3.5. Direct causes of LDD in the TWRB
The perceived direct causes of LDD in the TWRBwere ranked on a severity scale from 1 to 4, with 1 being themost severe
and 4 the least severe (Table 7). Agricultural activity was the most important cause in terms of severity followed by wood
harvesting, road network development, settlement expansion and bush fire. The H test statistics show that there were no
significant differences with agricultural expansion according to distance (χ2(H) = 2.91, p = 0.23). Wood harvesting was
quoted more frequently by respondents in the areas located near the reserve. It consists of illegal logging and fuel wood
harvesting for domestic uses which were the most important factors explaining LDD.
3.6. Indirect causes of LDD in the TWRB
These causes were ranked on a 1–5 severity scale. We identified five socioeconomically and politically based factors that
could partly influence vegetation cover change in the TWRB (Table 8). Poverty (lack of income opportunities) and population
growth were the two main driving factors of LDD. These two factors were followed by shortage of off-farm employment,
weak forest law enforcement and subsidies on farm inputs. Statistical tests (H test) showed that there were significant
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Table 7
Ranking of perceived direct causes of DFD on a 1–4 severity scale according to respondents. NR: Number of respondents, d1 (distance 1): ≤ 1 km, d2
(distance 2): 1–7 km, d3 (distance 3): 7 km, χ2(H): Chi-Square.
Direct causes of LDD NR Min Max Mean H Test statistics (mean rank, Chi-Square, p-values) according to
the distance (d1, d2, d3) around the reserve
Agricultural expansion 79 1 4 1.10 d1, d2, d3: 39.17, 42.18, 38, χ2(H) = 2.91, P = 0.23
Wood harvesting 104 1 4 1.55 d1, d2, d3: 67.67, 46.7, 43.73, χ2(H) = 17.87, p < 0.001
Road network development 22 1 4 2.10 d1, d2, d3: 16.5, 11, 0, χ2(H) = 3.66, P = 0.06
Settlement expansion 45 1 4 2.71 d1, d2, d3: 32.2, 19, 24.7, χ2(H) = 7.1, P = 0.03
Bush fire 71 1 4 2.78 d1, d2, d3: 43.5, 41.65, 29.09, χ2(H) = 9.35, p < 0.001
Table 8
Ranking of perceived indirect causes of DFD on a 1–5 severity scale among respondents. NR: Number of respondents, d1 (distance 1):≤ 1 km, d2 (distance
2): 1–7 km, d3 (distance 3): 7 km, χ2(H): Chi-Square.
Underlying causes of LDD NR Min Max Mean H Test statistics (mean rank, Chi-Square, p-values) according to
the distance (d1, d2, d3) around the reserve
Poverty 62 1 5 1.14 d1, d2, d3: 30, 48.60, 30, χ2(H) = 35.33, p < 0.001
Demographic factors 115 1 5 1.63 d1, d2, d3: 69.51, 33.36, 71.61, χ2(H) = 41.54, p < 0.001
Lack of employment 61 1 5 2.46 d1, d2, d3: 17.13, 25.27, 37.04, χ2(H) = 16.52, p < 0.001
Weak forest law enforcement 12 1 5 2.75 d1, d2, d3: 6.75, 6, 0, χ2(H) = 0.15, P = 0.702
Subsidies on farm inputs 5 1 5 3.00 d1, d2, d3: 5.5, 3.8, 3.5, χ2(H) = 35.33, P = 0.74
differences in the ranking of the first three factors among the respondents in the three classes of distance. Although these
factorswere dominant, povertywas quotedmore frequently by respondents in the surrounding areas of the TWRB located at
1–7 km around the reserve. Demographic factors and lack of employment were quotedmore frequently in the areas located
very far from the reserve.
Population growth increased in the Bougouriba province (administrative region of theWildlife Reserve of Bontioli) from
17.52% between 1985 and 1996 to 24.62% between 1996 and 2006 (INSD, 2007). This situation led to an increase in resource
demand. As a result, drivers of vegetation change emerge in opposite trend.
4. Discussion
Land degradation and deforestation are widespread problems around the world. In Burkina Faso, the TWRB is no
exception. The need for new settlements and land for cultivation and grazing threatens the existing vegetation cover.
Furthermore, local communities use the forest to extract fuel wood and for charcoal production. This might be the greatest
contribution to deforestation in the protected areas. This is in line with findings of previous studies in other parts of West
Africa (Damnyag et al., 2013; Forkuor and Cofie, 2011). In addition, common methods used for fencing cultivated land also
demand a lot of timber. All these practices have led to an unsustainable management of the protected area.
The strong increase in agricultural land in the TWRB (2.97 ha to 1759.86 ha) between 1984 and 2013 can be linked to
an increase in poverty and population density. This finding conforms to previous studies by Chambers (1986) who found
that basic needs and poverty are interwoven as key factors that lead to overexploitation of biodiversity resources and to
habitat degradation in protected areas. Because there may not be alternatives to the communities’ basic needs outside
the protected areas, and even if these alternatives do exist, the level of poverty may hinder the procurement of these
needs, and local people would have to fall back on obtaining their needs from these protected areas. Land cultivation for
subsistence agriculture in the protected area belongs to this category (Mundia Ndegwa and Murayama, 2009). Population
increase leading to settlement expansion has encouraged people to penetrate protected areas and destruct habitats with
high biodiversity therein (Ikpa et al., 2009). This was also confirmed by the results of focus group discussions and reports
from key informants.
The spatio-temporal aspects of LULC dynamics in the period 1984–2013 have been analyzed for the TWRB through an
analysis of spatially explicit data collected through remotely sensed data interpretation and field validation. This analysis
confirmed the major trends of wildlife habitats, mainly depletion of gallery forest, woodland, tree and shrub savanna, and
an increase in agricultural land in the study area. Deforestation is the most drastic cause of land degradation. Our most
remarkable finding is probably the high turnover of LULC over relatively short time periods. Focusing on woody vegetation,
we argue that such turnover is extremely important. Loss and fragmentation of woody vegetation are key conservation
issues in our study area as elsewhere. The increase in grass savannas between 1984 and 2013 can be related to the fact that
a change in rainfall pattern is believed to have played a role in the LULC class statistics derived for the respective years. This
is particularly the case for changes witnessed between 1984 and 2013. The severe drought during the 1980s in West Africa
(Masih et al., 2014) could have affected the detection of difference between agricultural fields and grass savannas on the
analyzed Landsat image (e.g. due to crop failure). On the other hand, above normal rainfall in 2013 could have improved
the detection of these classes on the analyzed 2013 Landsat image. Thus, although the observed changes are real, they may
have become more pronounced due to rainfall amounts in the two extreme years.
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In tropical countries, such as Burkina Faso, socio-economic factors such as poverty and population increase are mostly
related to deforestation activities. However, the relative importance of each of these factors varies according to the region
(Bawa and Dayanandan, 1997). It has also been established that building roads and other communication systems increase
the rate of deforestation (Mas et al., 2004;Mertens and Lambin, 2000).Many landscape ecological studies showed that socio-
economic factors (Zhao et al., 2003), forestry expansion (Nagashima et al., 2002), urbanization (Doygun and Alphan, 2006;
Keleş et al., 2008) and agricultural use patterns (Hietala-Koivu, 1999; Mander et al., 1999) also showed a similar impact on
vegetation. Geist and Lambin (2001) conducted ameta-analysis of 152 substantial cases of tropical deforestation (19 of these
were from Africa). Their major findings suggest that the proximate causes and drivers of LULC change cannot be reduced to
a single variable.
The findings on the perceived level of LDD have important implications for the conservation of the TWRB. These findings
show the main problems affecting this protected area and may be useful for planning effective ways to protect the area
through the establishment of an effective management plan. Nevertheless, the problems are not static, and a new set of
problems is likely to emerge in the future (Bajracharya et al., 2007). These findings are also important in addressing LDD,
and they may be useful in assisting this protected area to meet the goals of REDD, which seeks to integrate deforestation
reduction into global climate change mitigation strategies (Angelsen and Brockhaus, 2009; Nelson and Chomitz, 2009). The
importance of these findings is premised on the fact that the root causes must be known to address the LDD problems.
Insights into some of these causes were highlighted in this study.
5. Conclusion and implications for management
This study allows understanding causes of land degradation and deforestation (LDD) in the TWRB. The main finding
of this study is the loss of vegetation cover over a 29 year period which is the result of conversion for agriculture. This
problem of degradation shows the limits of the system of management, due to an insufficient number of forest agents.
The causes for the observed changes need to be regulated to bring about sustainable land management. To ensure the
availability of natural resources to local people and to protect ecosystems and biodiversity in the long term in this area,
adaptable management and conservation strategies in the communal areas as well as in the TWRB is required. Management
must be based on a solid scientific foundation and should be able to adapt to changing conditions. Thus, the most important
actions for minimizing LDD will consist of the involvement of the local population by the TWRB staff in the conservation
activities concerning the study area. Controlling fuel wood collection and logging will be a key task involving preventive
disturbance and restoration in unprotected savanna ecosystems. Planting of rapid-growth species for fuel use in unprotected
areas should also be promoted further. Given the expansion of agricultural areas in the reserve, for better management it
will be very important to rebate a portion of the reserve to local communities for the practice of agriculture and to fence
the remaining part of the reserve. As education is one of the factors which have positive impact on people’s perception
of biodiversity conservation, it will be necessary for TWRB staff in collaboration with financial and technical partners to
develop environmental education programmes. This could be done especially for young people mainly in schools and in
the local language with adults. Indeed, to guarantee a better future for the biodiversity in this area, it is necessary to start
involving children and teenagers who could act as future managers of their environment. That is a good channel which can
be used by the TWRB staff to strengthen the reserve sustainability. The results of the surveys revealed also that the main
underlying cause of LDD is poverty. Improving livelihood or poverty alleviation through creation of alternative activities for
local people will contribute to mitigating the anthropogenic impact in the reserve. All these measures may be a useful tool
under the REDD initiative to address land degradation problems in the TWRB.
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